ABSTRACT: The CALICE Semi-Digital Hadronic CALorimeter (SDHCAL) prototype using Glass Resistive Plate Chambers as a sensitive medium is the first technological prototype of a family of high-granularity calorimeters developed by the CALICE collaboration to equip the experiments of future leptonic colliders. It was exposed to beams of hadrons, electrons and muons several times in the CERN PS and SPS beamlines between 2012 and 2018. We present here a new method of particle identification within the SDHCAL using the Boosted Decision Trees (BDT) method applied to the data collected in 2015. The performance of the method is tested first with Geant4-based simulated events and then on the data collected by the SDHCAL in the energy range between 10 and 80 GeV with 10 GeV energy steps. The BDT method is then used to reject the electrons and muons that contaminate the SPS hadron beams.
explained in Ref. [7] .
23
The SDHCAL was exposed several times to different kinds of particle beams in the because some hadronic showers behave in similar way as the electromagnetic ones in 32 particular at low energy. To reject the electron events, the analysis presented in Ref. [7] 33 requires the shower to start after the fifth layer. Almost all of the electrons are expected to 34 start showering before crossing the equivalent of 6 radiation lengths (X 0 ) 1 
. Although this

35
selection is found to have no impact on the hadronic energy reconstruction, it represents 36 0.6 interaction length (λ I ) and thus reduces the amount of the hadronic showers available 37 for analysis.
38
In this paper we explore another method to reject the electron and muon contamina-39 tions, that is not based on the shower start requirement and does thus preserve the statistics.
40
The new method is based on Boosted Decision Trees (BDT) [8, 9] , a part of so-called Mu-
41
tiVariate Analysis (TMVA) technique [10] . In the BDT, different variables associated to 42 the topology of the event are exploited in order to distinguish between the hadronic and 43 the electromagnetic showers, and also to identify muons including radiative ones that may 44 exhibit a shower-like shape. In this paper, section 2 introduces the simulation and beam 45 data samples which are used to study the performance of both the BDT and the standard 46 method described in Ref. [7] . Section 3 describes the selected input variables of BDT and the two approaches to build the classifier of BDT. Section 4 presents the results of the 48 hadron selection using BDT. Finally, section 5 gives the conclusion. 
Monte Carlo samples and beam data samples
50
The SDHCAL prototype was exposed to pions, muons and electrons in the SPS of CERN 51 in October 2015. In order to avoid GRPC saturation problems at high particle rate, only 52 runs with a particle rate smaller than 1000 particles/spill are selected for the analysis. In 53 these conditions, pion events at several energy points (10, 20, 30, 40, 50, 60, 70, 80 of each species is produced and used to test the BDT method at the same time. Finally, the 67 pure (> 99.5%) electron and muon data samples 3 are used as validation sets.
68
In order to render the particle identification independent of the energy of the different 69 species and thus to extend the method applied here to a larger scope than the beam purifi-70 cation, the pion samples of different energies are mixed before using the BDT technique.
71
The same procedure is applied for muon and electron samples. 
85
• First layer of the shower (Begin) : The probability of a particle to interact in the 86 calorimeter depends on the particle nature and the calorimeter material properties.
87
2 The FTF model is based on the Fritiof description of string excitation and fragmentation. The BIC model uses Geant4 binary cascade for primary protons and neutrons with energies below 10 GeV. It describes the production of secondary particles produced in interactions of protons and neutrons with nuclei. 3 The purity of these samples is provided by the SPS electron and muon beams. 4 A decision tree takes a set of input variables and splits input data recursively based on those variables. ones. Figure 1 shows the distribution of the first layer of the shower in the SDHCAL an easy discrimination of muons (even the radiative ones) from pions and electrons.
112
It allows also a slight separation between pions and electrons.
113
• Shower density (Density): This is the average number of the neighbouring hits 114 located in the 3 × 3 pads around one of the hits including the hit itself in the given 115 event. Figure 4 shows clearly that electromagnetic showers are more compact than 116 the hadronic showers as expected.
117
• Shower radius (Radius): This is the RMS of hits distance with respect to the event 118 axis. To estimate the event axis, the average positions of the hits in each of the ten 119 first fired layers of an event are used to fit a straight line. The straight line is then 120 used as the event axis. Figure 5 shows the average radius of the three particle species Figure 1 . Distribution of the first layer of the shower (Begin). Layer 0 refers to the first layer of the prototype. Continuous lines refer to data while dashed ones to the simulation. Layer 48 is the virtual layer after the last layer and used to tag events not fulfilling first layer criteria.
to shower axis is detected. The distribution of this variable for different particle 125 species is shown in Fig. 6 .
126
Before using the variables listed above as input to the BDT method, we check that In order to take into account the small difference observed in some variable distributions 133 between data and simulation, and to cross-check the particle identification using the BDT 
MC Training Approach
139
The six variables of the simulated pion, muon and electron events described in section and electron rejection of the same level (> 99%) can be achieved.
162
In order to check the validity of these two classifiers, we use the pure beam samples of Figure 10 . The BDT output after using the BDT π µ on the data pion sample (left) and the BDT output after using the BDT πe on the same data pion sample after classified by BDT π µ (right). A green arrow is shown on both to indicate the BDT cut applied to clean the pion samples.
Data Training Approach
178
We use the same variables of the MC Training approach on the data samples of muons and 179 electrons but still on the simulated pion samples to build two classifiers. Then we apply 180 the same procedure as the MC Training approach. Table 3 and 4 show the corresponding 181 variables ranking for BDT π µ and BDT πe according to their power separation importance.
182
The difference of variables weights of these two tables with respect to those obtained with 
Results
192
The distributions of input variables for the data and simulation events of pion, muon and Figure 13 . The BDT output after using the BDT π µ on the data pion sample (left) and the BDT output after using the BDT πe on the same pion sample after classified by BDT π µ (right). A green arrow is shown on both to indicate the BDT cut applied to clean the pion samples.
applying the data-based BDT classifiers. A good agreement between the data and simu- 
Conclusion
206
A new particle identification method using BDT-based MVA technique is applied to purify 
